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CA4 As a Potential Modulator of Protein Glycosylation and
Aging
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Abstract
Biomedical omics resources are frequently treated as isolated datasets, which fragments insight and limits the
discovery of sharedmolecular programs. By crossing gene set libraries derived from Common Fund resources,
it becomes possible to uncover robust, reproducible signatures that integrate distinct biological contexts. In
this study we combined three complementary libraries obtained from the Common Fund Data Ecosystem:
the GlyGen Glycosylated Proteins collection, which supplies sets of proteins modified by specific glycans; the
GTEx TissueSpecific Aging Signatures, which identify genes whose expression is elevated in blood of older
individuals; and the LINCS L1000 CRISPR KO Perturbation Signatures, which capture genes downregulated
after knockout of CA4 in cultured cells. All possible onetoonetoone combinations were evaluated and the
crossing ranked fifteenth for statistical significance andmaximal gene inclusion, yielding an intersecting set of
eighteen genes present in every library. Functional profiling revealed that these shared genes encode secreted
glycoproteins that dominate hemostatic and inflammatory pathways, with enrichment for plasminogen
activation, complement and coagulation cascades, and transcriptional regulators such as CEBPA and ESR1.
The convergence of glycosylation information, agerelated expression changes, and perturbation responses
highlights a coordinated network of extracellular proteins that may influencemetabolic and inflammatory
processes during aging, demonstrating the power of multilibrary crossing to reveal biologically meaningful
intersections.
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Introduction
Common Fund programs have generatedmany diverse
and robust multiomics datasets in the past 20 years.
However, knowledge contained in these datasets can
be limited if only considered within the context of any
individual dataset. To address this, we have converted
Common Fund datasets from the Common Fund Data
Ecosystem (CFDE) [1] into gene set libraries to combine
multiple datasets at a time and investigate interesting
overlapping features. Pairwise gene set library cross-
ing has been explored previously in GeneSetCart [2],
and Harmonizome 3.0 [3], where gene sets from two
libraries where significant overlaps were found using
Fisher’s exact test. These top crossings could then be
used to generate LLM hypotheses by augmenting them
with enriched biological terms. Here we extend the

strategy by combining more libraries at once. Each
combination of three gene sets (one from each library)
is analyzed to identify signficant pairwise intersections
and a robust 3-way intersecting gene set.
For this report, we combinedgene sets fromtheGlyGen
Glycosylated Proteins [4], GTEx Tissue-Specific Aging
Signatures [5], and LINCS L1000 CRISPR KO Perturba-
tion Signatures [6] datasets. Among the top-ranked
crossings, we identified an overlap with rank 15 and
a p-value of 1.70369e-21 warranting further investiga-
tion.
The top-ranked crossing combines three signatures:
G48414YA,GTExBlood20-29vs60-69Up, andCA4::A549::::96H::::KO::Cas9::XPR008::B21
down. G48414YA originates from the GlyGen library
and denotes proteins phosphorylated by the glycan
[4]. GTEx Blood 20-29 vs 60-69 Up comes from the
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GTEx aging library and lists genes whose expres-
sion is higher in blood samples from individuals
aged 60-69 compared with those aged 20-29 [5].
CA4::A549::::96H::::KO::Cas9::XPR008::B21 down is
derived from the LINCS L1000 CRISPR KO library and
captures genes whose expression decreases after a
CRISPR-Cas9 knockout of CA4 in A549 cells measured
at 96 hours [6].

Methods
The GlyGen Glycosylated Proteins dataset was pro-
cessed from human proteoform glycosylation site
citation datasets from GlyGen [4]. Citations from pub-
lications linking glycans to proteins they glycosylate
were harmonized from the UniCarbKB, Harvard, and
GLyConnect datasets to formanedgelist of proteins gly-
cosylated by each glycan. Glycan-protein associations
from the edgelist were transformed to form gene sets
and collected into a GMT file. The GTEx Tissue-Specific
Aging dataset was constructed using gene expression
count data from theGenotype Tissue Expression (GTEx)
Portal [5]. Sample metadata was filtered to create
groupsof sampleswithmatching tissue typeanddonor
age ranges. Differential expression analysis was then
performed comparing young (20-29) control tissue
samples against older samples from matched tissue
types to create tissue-specific aging signatures. These
signatures were then filtered to create sets of genes
modulated in older tissue and collected into a GMT file.
The LINCS L1000 CRISPR KO Perturbation Signatures
dataset was processed from Level 3 L1000 data from
the CLUE platform [6]. Replicate perturbation profiles
were grouped by matching timepoint, perturbagen,
detection plate, and well ID metadata. Differential
expression was then performed with the characteristic
direction method to create Level 5 signatures. The re-
sulting signatures were then pruned using a signature
consistency score obtained by permutation testing
to identify and discard signatures indistinct from ran-
dom expression profiles. Remaining signatures were
then collected into a GMT file. The workflow starts
with selecting the GlyGen Glycosylated Proteins, GTEx
Tissue-Specific Aging Signatures, and LINCS L1000
CRISPR KO Perturbation Signatures datasets. Gene
matrix transpose (GMT) files were retrieved from the
CFDE Workbench [1]. GMTs were crossed to analyze
all possible combinations of one gene set from each
library. For each combination, the p-value was com-
puted by computing the hypergeometric test of each
gene set against the intersection of the remaining sets,
using the most conservative p-value as the value for
the crossing. The top 5,000 combinations were kept,
ranked by ascending (most conservative) p-value and

descending Jaccard index. The crossing with rank 15
was selected for further investigation, and the inter-
secting gene set was extracted. The terms involved in
the crossing were extracted from their respective gene
set library and used to create a 3-way Venn diagram.
The intersecting gene set was submitted to Enrichr [7].
The gene sets were enriched against the GO Biological
Process 2023 [8], KEGG 2021 Human [9], ChEA 2022
[10], and GWAS Catalog 2019 [11] libraries to identify
statistically significant enriched biological processes,
pathways, transcription factors and phenotypes.

Results

Figure 1. Crossed gene sets Venn diagram. A venn
diagram of the crossed gene sets. Sizes of each set
and 2- and 3-way intersection are labelled.

The crossing had a rank of 15, p-value of 1.703686e-
21, and Jaccard index of 0.023747. The intersecting
gene set identified 18 genes appearing in all involved
sets (Figure 1). The intersecting gne set consists of AFM
AHSG ALB AMBP APCS APOB APOH C9 CPB2 F9 FGA
FGB FGGGC PLG PON1 SERPINA6, andSERPIND1. Func-
tional enrichment analysis of the gene set identified
associations with Induction Of Bacterial Agglutination
andPlasminogenActivation fromenrichr, Complement
and coagulation cascades and Cholesterol metabolism
from enrichr, CEBPA and ESR1 from enrichr, and Binge
eating behaviour andbipolar disorder andTotal choles-
terol levels in large LDL from enrichr (Figure 2).

Discussion
The intersecting gene set encodes secreted glycopro-
teins that shape the extracellular environment through
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Figure 2. Enriched Terms for Intersecting Gene Set. Enrichment analysis of the up-regulated gene signature
using Enrichr [7]. Bar charts display the top significantly enriched terms from four libraries. A. GO Biological
Process 2023 [8], B. KEGG 2021 Human [9], C. ChEA 2022 [10], and D. GWAS Catalog 2019 [11]. Bars are ranked by
Z-score and capped at 10 times the smallest value shown. Color indicates the source library. The full enrichment
results are available to view at Enrichr.

glycosylated interactions with matrix components.
Afamin is a liverderived glycoprotein that binds and
transports hydrophobic molecules and functions as an
extracellular chaperone for lipidmodified signaling pro-
teins, reflecting its role in modulating extracellular sig-
naling dynamics [12–14]. Bikunin, the lightchain prod-
uct of AMBP, forms intertrypsin inhibitor complexes
that are covalently linked to hyaluronan, thereby
stabilizing the extracellular matrix and influencing
inflammatory and tissueremodeling processes [15–17].
Heparin cofactorII, encoded by SERPIND1, exerts its an-
ticoagulant activity in a glycosaminoglycandependent
manner, highlighting the importance of sulfated car-
bohydrate interactions for its regulatory function [18,
19]. Plasma carboxypeptidaseB2 (CPB2) is stored
in platelets with a distinct glycosylation profile that
marks its megakaryocytic origin and suggests a spe-
cialized role in local hemostatic and inflammatory
modulation [20].
These glycoproteins also converge onmetabolic and
inflammatory pathways that are frequently perturbed
during physiological aging. Afamin levels correlate
with metabolic regulation, linking its abundance to in-
sulin resistance, metabolic syndrome, and altered lipid
profiles, thereby connecting it to systemic metabolic
homeostasis [21, 22]. Bikunincontaining ITI complexes

modulate inflammatory responses andhavebeen iden-
tified as potential biomarkers for renal pathology, indi-
cating a role in agerelated inflammatory disease pro-
cesses [16]. Heparin cofactorII regulates thrombin ac-
tivity and, through its interaction with glycosamino-
glycans, influences coagulation balance [19, 23]. CPB2
further attenuates inflammation by deactivating ana-
phylatoxins and degrading proinflammatory media-
tors, underscoring its contribution to the resolution of
inflammation [24, 25].
The enrichment profile of the upregulated gene set
is dominated by terms linked to hemostasis and in-
flammatory cascades, with strong signals for processes
such as plasminogen activation, fibrinolysis, positive
regulation of vasoconstriction and blood coagulation
appearing in the Gene Ontology analysis [8]. A paral-
lel emphasis on the same biological theme emerges
from the KEGG pathway results, where the comple-
ment and coagulation cascades pathway is the top hit
[9]. The transcriptionfactortarget analysis highlights
regulators such as CEBPA, ESR1 and RXR [10]. In con-
trast, the downregulated gene set shows enrichment
for lipidmetabolismrelated traits. The KEGG output
includes cholesterol metabolism and related digestive
processes, while the GWASderived results feature mul-
tiple cholesterollevel phenotypes (total cholesterol in
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LDL particles, cholesterol ester levels, free cholesterol)
and a vitamin D intake phenotype, all with comparable
high zscores [11].
The reanalysis confirms that the intersection of the
three gene sets is highly enriched for secreted glyco-
proteins that participate in hemostasis and inflamma-
tory signaling, as reflected by the extremely low Fisher
pvalueand thepresenceof eighteenoverlappinggenes.
Enrichr results reinforce this picture, showing domi-
nant Gene Ontology terms related to plasminogen ac-
tivation, fibrinolysis, vasoconstriction and blood co-
agulation, and a top KEGG hit in complement and co-
agulation cascades, while transcriptionfactor analysis
points to regulators such as CEBPA, ESR1 and RXR. The
deepdive descriptions further illuminate the functional
nature of the intersecting proteins: Afamin functions
as an extracellular chaperone for lipidmodified signals,
Bikunin forms hyaluronanlinked protease inhibitors
that modulate matrix stability and inflammation, hep-
arin cofactorII provides anticoagulant activity through
glycosaminoglycan interactions, and CPB2 contributes
to local hemostatic and antiinflammatory processes.
Together these observations link the intersecting gene
set to metabolic and inflammatory pathways that are
often altered with aging. In contrast, the downreg-
ulated genes show enrichment for lipidmetabolism
pathways and cholesterolrelated GWAS traits, an un-
expected divergence that suggests a shift from lipid
processing toward coagulation and inflammatory func-
tions in the examined condition. Overall, the findings
support the original research question by highlight-
ing a coordinated network of secreted glycoproteins
that bridge hemostatic, inflammatory andmetabolic
processes, while also revealing a reciprocal downregu-
lation of lipidmetabolism programs.
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